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interpretability	 and	 control	 over	 classification	 outcomes	 is	 of	 particular	 concern	
where	different	behaviours	have	different	frequency	of	occurrence	and	duration,	as	









brid	model	was	validated	 in	 three	scenarios:	 (a)	when	each	behaviour	was	equally	











tation	 of	 classification	 outcomes.	 The	 framework	 presented	 here	 provides	 the	
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into	 the	 life	 histories	 of	 species	 as	 far	 apart	 in	 size,	 type	 of	 habi-
tat,	 speed	 and	mode	 of	 locomotion	 as	 chipmunks	 (Tamias alpinus)	
(Hammond,	 Springthorpe,	Walsh,	 &	 Berg-	Kirkpatrick,	 2016),	 seals	
(Leptonychotes weddellii)	(Naito,	Bornemann,	Takahashi,	McIntyre,	&	
Plötz,	2010),	African	wild	dogs	(Lycaon pictus)	and	cheetahs	(Acinonyx 
jubatus)	 (Cozzi	 et	al.,	 2012),	 vultures	 (Gyps fulvus)	 (Nathan	 et	al.,	
2012)	 and	 blue	 whales	 (Balaenoptera musculus)	 (Goldbogen	 et	al.,	
2011).	To	keep	pace	with	the	increasing	ubiquity	of	accelerometry,	
developing	methods	applicable	across	species	has	become	essential.	
For	 instance,	 general	 methods	 have	 been	 developed	 to	 infer	 ani-
mal	 energy	expenditure	 from	 recorded	 acceleration	 (Wilson	et	al.,	
2006).	However,	 despite	progress	 in	 recognising	 animal	behaviour	
from	recorded	acceleration,	there	is	as	yet	no	single	technique	that	




box	 (e.g.	McClune	 et	al.,	 2014),	 has	 been	widely	 employed	 to	 infer	
animal	 behaviour	 from	 raw	 acceleration	 data	 (Nathan	 et	al.,	 2012;	
Grünewälder	 et	al.,	 2012;	 Gao,	 Campbell,	 Bidder,	 &	 Hunter,	 2013;	
Bidder	et	al.,	 2014;	Resheff,	Rotics,	Harel,	 Spiegel,	&	Nathan,	2014;	
Wang	 et	al.,	 2015).	Despite	 the	 power	 and	 ease	 of	 use	 of	machine	
learning	approaches,	the	need	to	develop	behaviour	recognition	tools	
generalisable	 across	 species	 has	brought	 to	 light	 the	 importance	of	
being	able	to	physically	interpret	classification	rules,	even	at	the	cost	
of	small	gains	 in	classification	accuracy	 (Nathan	et	al.,	2012).	Model	
interpretability	 becomes	 particularly	 significant	 when	 accurately	
recognising	 relatively	 rarer	 behaviours	 is	 important.	When	machine	
learning	approaches	are	applied	to	datasets	that	are	heavily	skewed	
















these	 high-	dimensional	 complex	 rules	 and	 pinpointing	 the	 reasons	
behind	 misclassification	 of	 under-	represented	 (rarer)	 but	 important	
behaviours	quickly	becomes	intractable.
Confining	 the	 role	 of	machine	 learning	 algorithms	 to	 threshold-	
finding	 within	 a	 classification	 scheme	 predefined	 on	 the	 basis	 of	
biomechanical	knowledge	of	animal	movement	dynamics,	and	using	
biomechanically	 significant	 movement	 descriptors	 (features)	 within	
the	 scheme,	may	 help	 solve	 these	 difficulties.	 Such	 an	 approach	 is	
made	possible	by	the	fact	that	there	are	certain	natural	commonalities	















into	 static	 and	 dynamic	 categories,	 discriminated	 between	 static	
behaviours	 based	 on	 posture	 and	 identified	 locomotion	 as	 being	
periodic.	The	use	of	periodicity	metrics	may	help	tease	apart	even	
highly	context-	,	 environment-	and	mode-	of-	locomotion-	dependent	
behaviours	 such	 as	 locomotion	 and	 foraging.	 For	 instance,	 peri-
odicity	 metrics	 have	 since	 been	 used	 to	 characterise	 locomotor	
movement	across	avian	(Laich,	Wilson,	Quintana,	&	Shepard,	2008),	
marine	 (Kawabe	 et	al.	 2003)	 and	 terrestrial	 (Soltis	 et	al.,	 2012)	
flexibility	to	adapt	models	to	required	levels	of	behavioural	resolution,	and	has	the	
potential	to	facilitate	meaningful	model	sharing	between	studies.
K E Y W O R D S
accelerometer,	animal	behaviour	recognition,	biomechanics,	machine	learning,	meerkat,	
movement	intensity,	movement	periodicity,	posture
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work	 in	 the	 form	of	 a	hybrid	model	 that	 combines	general	biome-
chanical	principles	on	the	one	hand,	and	machine	learning	tools	on	
the	other.	The	proposed	hybrid	model	consists	of	a	tree-	like	classi-
fication	 framework	predefined	on	 the	basis	 of	 biomechanical	 con-
siderations,	 where	 specific	 combinations	 of	 acceleration-	derived	
















2  | MATERIAL AND METHODS
2.1 | Biomechanically driven behaviour recognition 
and validation
2.1.1 | Quantifying movement biomechanics through 
acceleration- derived features
Raw	 triaxial	 acceleration	 data	 may	 be	 summarised	 in	 the	 form	 of	
quantifiable	biomechanical	descriptors	of	movement,	which	can	then	
be	used	as	features	capable	of	discriminating	between	different	be-










N	 triaxial	 acceleration	values	 recorded	along	 the	 surge	 (asurge),	 sway	
(asway)	and	heave	(aheave)	axes	as	follows.
Posture








Contrary	 to	 posture	 estimation,	 movement	 intensity	 is	 commonly	
characterised	by	quantifying	dynamic	acceleration,	which	is	obtained	
by	removing	static	acceleration	corresponding	to	Earth's	gravity	from	
total	 recorded	 acceleration.	 For	 this,	we	 considered	 the	 use	 of	 std-










of	 a	 clear,	 tall	 peak,	 usually	 at	 a	 characteristic	 frequency.	This	 peak	
height	 was	 considered	 as	 a	 measure	 of	 signal	 periodicity,	 and	 may	
be	computed	as	 follows.	For	each	window	w,	 the	acceleration	signal	
from	each	of	 the	 three	axes	 recorded	at	 a	 sampling	 frequency	of	Fs 
may	be:	 (a)	normalised	 (zero	mean	and	unit	energy);	 (b)	 low-	pass	 fil-
tered;	(c)	zero-	padded	and	windowed;	and	(d)	FT-	ed	with	a	resolution	
of	U	Hz	(corresponding	to	FT	computation	at	L	=	Fs/U	equally	spaced	
frequencies	 between	 0	 and	 Fs).	 From	 the	 FT	 of	 acceleration	 along	
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2.1.2 | A biomechanically defined hierarchical 























































of	 the	 behaviours	 of	 interest.	 Typically,	 a	 video	 camera	 synchro-
nised	with	 the	animal-	borne	accelerometer	 is	used	 to	 film	 the	ani-
mal	while	 the	accelerometer	 records	data;	 the	groundtruth	 is	 then	
obtained	by	having	an	expert	assign	behaviour	labels	to	sections	of	
the	video	based	on	a	suitably	defined	ethogram.	This	process	is	then	
repeated	 for	 multiple	 individuals	 to	 capture	 inter-	individual	 varia-






Equally distributed behaviour 10- fold cross- validation (EQDIST)
EQDIST	evaluates	model	performance	when	the	dataset	has	an	equal	
number	of	bouts	of	each	behaviour.	 It	 involves	conducting	standard	
10-	fold	 cross-	validation	 on	 subsampled	 datasets	 where	 the	 sample	
size	for	each	behaviour	is	made	equal.	This	is	done	by	first	pooling	data	
from	 all	 individuals	 together,	 and	 then	 randomly	 selecting	 as	many	
bouts	from	each	behaviour	as	the	one	with	the	least	number	of	bouts.
Stratified 10- fold cross- validation (STRAT)













pare	model	 performance.	 These	 performance	 statistics	 included	
three	behaviour-	specific	metrics	 (sensitivity,	precision	and	speci-
ficity),	and	overall	model	accuracy	(see	Appendix	S1	for	definitions).
2.2 | Case Study: Kalahari Meerkats




done	 on	 10	 adult	 meerkats	 (seven	males,	 three	 females,	 body	mass	
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Video	 clips	 of	 each	 behaviour	 are	 provided	 as	 Supplementary	
Information.	 Social	 context-	dependent	 meerkat	 behaviours	 such	 as	
grooming	and	territory	marking	were	excluded	from	the	ethogram.
Based	on	the	description	of	 the	behaviours	of	 interest	here	and	
the	 framework	 presented	 in	 Section	2.1,	 a	 three-	node	 hierarchi-






resting.	 At	 the	 third	 node,	movement	 intensity	 (stdNorm)	 and	 peri-




candidates:	 Naïve-	Bayes	 (NB),	 Linear	 Discriminant	 Analysis	 (LDA),	
















was	 averaged	 (meanSurgew)	 and	 used	 to	 estimate	 neck	 inclination	
F IGURE  1 Sensor	axes	orientation.	The	image	shows	the	animal	
displaying	typical	bipedal	vigilance	behaviour
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(Equation	1),	as	values	along	this	axis	are	 least	susceptible	to	changes	
due	to	possible	rotations	of	the	collar	around	the	axis	of	the	meerkat's	

















2.2.5 | Alternative classification methods: 
benchmarking against classical machine learning  
approaches
To	benchmark	our	hybrid	model's	 results	against	 those	obtained	with	


















number Vigilance Resting Foraging Running
Bouts per 
recording session
1 4,594 2,114 1,562 69 8,339
2 3,896 120 5,315 29 9,360
3 1,453 0 6,278 38 7,769
4 5,221 0 2,823 161 8,205
5 1,890 0 6,134 169 8,193
6 1,639 744 4,438 98 6,919
7 4,785 156 3,498 40 8,479
8 71 0 4,841 20 4,932
9 4,283 0 1,713 43 6,039
10 1,906 0 4,407 84 6,397
11 1,782 661 5,398 77 7,918

























behaviour	 to	another,	 in	6.2%	of	 them	the	animal	was	not	caught	on	
camera	 and	 3.3%	 contained	 social	 behaviour	 such	 as	 grooming	 (cf.	








we	 found	 that	SVM-	SVM-	SVM	performed	 the	best	 across	 all	 three	
cross-	validation	methods.	The	linear-	kernel	SVM	not	only	fully	auto-
mated	the	search	for	robust	feature-	value	thresholds	but	also	yielded	
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3.2.1 | EQDIST
Results	for	EQDIST	in	Table	2	show	that	for	behaviour-	specific	met-
rics,	 the	 best	 hybrid	 model	 (SVM-	SVM-	SVM)	 performed	 better	 in	














(corresponding	 to	 five	unique	 individuals)	 are	 shown	 in	Table	4.	 For	
behaviour-	specific	metrics,	 the	best	hybrid	model	 (SVM-	SVM-	SVM)	
performed	better	 in	 terms	of	mean	sensitivity	 (average	1.1%	across	
the	four	behaviours),	mean	precision	(average	4.3%)	and	mean	speci-








in	 conjunction	 with	 existing	 machine	 learning	 algorithms	 to	 recog-
nise	 behaviour	 from	 triaxial	 acceleration	 data.	 Using	 data	 collected	
on	 10	 wild	 meerkats,	 we	 demonstrated	 the	 efficacy	 of	 our	 hybrid	
model	in	scenarios	where	one	or	more	behaviours	are	rarer	or	under-	
represented	 in	 the	 dataset	 compared	 to	 others,	 and	when	 there	 is	
F IGURE  4 Transparent	classification.	Linear	decision	boundaries	( l1,	l2 and l3)	found	by	the	SVM-	SVM-	SVM	hybrid	model	(for	data	used	
during	EQDIST)	render	the	classification	scheme	transparent	and	physically	intuitive





































































































































































































































































































































































































































































































































































































































































































































































































rarer	 resting	 behaviour	 (vigilance	 bouts	 outnumber	 resting	 bouts	
8.3:1),	whereas	 for	KNN	and	RF,	 resting	detection	sensitivity	plum-
mets	to	below	65%	and	precision	to	below	82%.	Model	response	to	
class	 imbalance	 may	 vary	 unpredictably:	 classical	 machine	 learning	
with	 KNN	 and	 RF	 yields	 fair	 performance	 across	 EQDIST,	 STRAT	
and	 LOIO;	 SVM,	 on	 the	 other	 hand,	 first	 recognises	 resting	 during	




are	 included	 (Appendix	 S3).	 This	 indicates	 the	difficulty	 of	 general-
ising	model	behaviour	across	datasets	when	feature	choice	is	left	to	
an	automatic	algorithm.	However,	the	hybrid	model,	where	the	SVM	
algorithm	 was	 only	 used	 to	 find	 feature-	value	 thresholds	 within	 a	
biomechanically	 predefined	 tree-	like	 classification	 structure	 with	


















































































































































































































































































































































































































































































































































































































































































































deterioration	of	 resting	 recognition	 accuracy	must	occur	 at	 the	M2	
node.	This	node	employs	an	SVM	which	uses	only	one	feature	as	input,	






























interested	 in	 characterising	 meerkat	 foraging	 effort,	 one	 could	 add	
an	additional	node	below	‘foraging’	and	split	it	into	‘digging’	and	‘non-	
digging’	 through	 a	 peak-	detection-	based	metric	 indicating	 front-	paw	
swipes	made	during	digging.	In	a	classical	machine	learning	approach,	







Choosing	 appropriate	 sensor	 parameters	may	 be	 a	 crucial	 com-
ponent	 of	 achieving	 accurate	 behaviour	 classification.	 Even	 though	
Gao	 et	al.,	 2013	 followed	 a	 hierarchical	 classification	 scheme	 em-
ploying	 SVMs,	 the	 web-	based	 system	 they	 developed	 limited	 the	






high	class	 imbalance.	This	was	due,	 in	part,	 to	the	choice	of	a	suffi-
ciently	high	 sampling	 frequency	of	100	Hz.	We	 found	 that	meerkat	
running	 had	 a	 characteristic	 frequency	 of	 around	4	Hz,	 and	 a	 good	
rule-	of-	thumb	is	to	oversample	by	about	20	times	when	using	a	noisy	
sensor	 (Boyd,	 Sundaram,	 &	 Shrivastava,	 2010),	 although	 the	 sam-
pling	 frequency	 could	 theoretically	 be	 reduced	 to	 the	Nyquist	 limit	



















defined	 node-	based	 hierarchical	 format	 permitting	 model	 adaptation	
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